Intensity and variability of droughts are considered in Iran during the period 1951 to 2005. Four variables are considered: the Palmer Drought Severity Index (PDSI), the soil moisture, the temperature and the precipitation (products used for the analysis are downloaded from the NCAR website). Link with the climatic index La Nina is also considered (NOAA downloadable products is used). The analysis is based on basic statistical approaches (correlation, linear regressions and Principal Component Analysis). The analysis shows that PDSI is highly correlated to the soil moisture and poorly correlated to the other variables-although the temperature in the warm season shows high correlation to the PDSI and that a severe drought was experienced during 1999-2002 in the country.
Introduction
Drought incidences, regardless their severity, have became more common in recent years in parallel with global climate changes. Drought is a gradual phenomenon, slowly taking hold of an area and tightening its grip with time. Sometimes, in severe cases, drought can last for many years and can have devastating effects on the socioeconomic, agricultural, and environmental conditions that may result from one or more of the water-scarcity factors by insufficient precipitation, high evapotranspiration, and over-exploitation of water resources [1] [2] [3] .
Severe drought over this spell of three years (1998) (1999) (2000) (2001) , in combination with the effects of protracted socio-political disruption, has led to widespread faming affecting over 60 million people in central and southwest Asia [4] .
Regarding physical geography, Iran has arid and semi-arid climates mostly characterized by low rainfall and high potential evapotranspiration [5] . The annual precipitation varies from about 1800 mm over the western Caspian Sea coast and western highlands to less than 50 mm over the uninhabitable eastern and central deserts.
The average annual precipitation over the country is estimated to be around 250 mm, occurring mostly from October to March. Annual precipitation is lower in the eastern half of Iran compared with the western half. Drought events and the rainfall shortage result in many natural difficulties, and characterize the climatic behaviour throughout this country. Drought annually hits most Iranian provinces. This was particularly the case during the recent spell of 1999-2002 which was the worst drought event since 1950 to the present [6] . Drought, naturally, is a recurring phenomenon whose duration and intensity are unpredictable. Drought can occur in any place with precipitation. Keep in mind that, dry and semi-dry places, or places with little precipitation (climatically dry-lands) are not considered as places with permanent drought. Droughts occur when the needed water for a site is basically less than a specific amount. Droughts are long-term hydrological events affecting vast regions and causing significant non-structural damage. Droughts are the costliest natural disaster in the world and affect more people than any other natural disaster [3] . The Middle East is a region of extremes. It is almost one of the driest and most water scarce areas of the world [7] .
Iran, located in the south-western part of Asia and the Middle East receives one-third of the world's average precipitation [8] .
In order to mitigate the destructive drought impacts on local ecosystems, economy and society, it is necessary to generate various studies. Prior to any research on drought impact assessment, this natural disaster ought to be defined in detail.
Generally, droughts can be classified into agricultural, hydrological or meteorological in which avoiding meteorological drought is impossible; however, they can be predicted and monitored to alleviate their adverse impacts [9] [10] [11] [12] [13] . To quantify drought and monitor its development, many drought indices have been developed and applied [14] [15] [16] [17] [18] [19] . A large number of drought indices have been suggested to date, including Palmer Drought Severity Index [12] , Crop Moisture index [20] , Agro-hydro Potential [21] , Surface Water Supply Index [22] , vegetative drought index of Normalized Difference Vegetations Index [23] , Standardized Precipitation Index [24] , Deciles [25] , and multiple indices of low river flow [26] .
Among them, the Palmer Drought Severity Index (PDSI) is the most prominent index of meteorological drought used in the United States for drought monitoring and research [15] . Besides PDSI's routine use for monitoring droughts in the United States, the PDSI has been used to study drought climatology and variability in the United States [27, 28] , Europe [29, 30] , Africa [31] , Brazil [32] , and other areas. The PDSI was also used in tree ringbased reconstructions of droughts in the United States [33] [34] [35] . Most of these studies are regional and focus on a particular location or nation. One exception is Dai et al. (1998) who calculated the PDSI for global land areas for 1900-1995 and analyzed the influence of El Niño-Southern Oscillation (ENSO) on dry and wet areas around the globe [36] . This study updates the global PDSI dataset of Dai et al. (1998) , provides a detailed evaluation of the PDSI against available soil moisture and stream flow data, examines the trends and leading modes of variability in the twentieth-century PDSI fields, and investigates the impact of surface warming in the latter half of the twentieth century on global drought and wet areas [36] .
Since Iran is located in an area of arid and semi-arid climates and is frequently affected by droughts, a great deal of research on drought monitoring and analysis has already been carried out. [39] , have studied "Copula-based drought severity-duration-frequency analysis in Iran"; this research implies that the drought severity in humid regions might be more severe if high rainfall fluctuations exist in that region. Morid S. et al. in 2006 [40] , developed a research study "Comparison of seven meteorological indices for drought monitoring in Iran", in which they found the SPI and EDI were able to consistently detect the onset of drought, as well as its spatial and temporal variation, and may be recommended for operational drought monitoring in the Tehran province. However, the EDI was found to be more responsive to the emerging drought and performed better. Rahimzadeh F. et al. in 2008 [41] , studied "Variability of extreme temperature and precipitation in Iran during recent decades", and observed a negative trend for about two-thirds of the country for annual total wet days precipitation.
Study Area
Iran is one of the large semi-arid countries of the world with an area of 1,648,000 km 2 , respectively with elevations ranging from -28 m (Caspian sea) to 5671 m (Damavand), and a mean rainfall of 250 mm yearly. Iran is located in the southwest of Asia and it borders the Gulf of Oman, the Persian Gulf (in the south), and the Caspian Sea (in the north) with a geographical position of 25˚N -40˚N and 44˚E -64˚E. The topography of the country features two main mountain chains: the Alborz Mountains (from northwest towards northeast of the country) and the Zagros Mountains, a series of parallel ridges interspersed with plains that bisect the country from northwest to southeast. The center of Iran consists of several closed basins that collectively are referred to as the Central Plateau. The eastern part of the plateau is covered by two salt deserts, the Dasht-e Kavir (Great Salt Desert) and the Dasht-e Lut (Figure 1) . The computation of the PDSI begins with a climatic water balance using historic records of monthly precipitation and temperature. Soil moisture storage is considered by dividing the soil into two layers. The upper layer is assumed to contain 1 inch (25.4 mm) of available moisture at field capacity. The underlying layer has an available capacity that depends on the soil characteristics of the site. Palmer used an available water capacity (AWC) of 9 inches for central Iowa and 5 inches for western Kansas. The AWC value should be representative of the area soils in general. Moisture cannot be removed from the lower layer until the top layer is dry. Runoff (RO) is assumed to occur when both layers reach their combined moisture capacity (AWC).
Four potential values are computed: 1) Potential evapotranspiration (PE, e.g. by Hargreaves equation or other), 2) Potential recharge (PR)-the amount of moisture required to bring the soil to field capacity.
3) Potential loss (PL)-the amount of moisture that could be lost from the soil to evapotranspiration provided precipitation during the period was zero.
4) Potential runoff (PRO)-the difference between the potential precipitation and the PR.
The climate coefficients are computed as a proportion between averages of actual versus potential values for each of 12 months. These climate coefficients are used to compute the amount of precipitation required for the Climatically Appropriate for Existing Conditions (CAFEC). The difference, d, between the actual (P) and CAFEC precipitation ( ) is an indicator of water deficiency for each month.
where
, and L PL   for 12 months. The value of d is regarded as a moisture departure from normal because the CAFEC precipitation is an adjusted normal precipitation.
A Palmer Moisture Anomaly Index (PMAI), Z, is then defined as
where K is a weighting factor. 
where PE is the potential evapotranspiration, R is the recharge, RO is the runoff, P is the precipitation, and L is the loss. The PDSI is now given by
where the PDSI of the initial month in a dry or wet spell is equal to 1 3 i z .
The basic spatial calculation of the PDSI values was based on the station's datasets, which consider the measure-points. The values obtained through these measurepoints are used for calculation of the PDSI average values in each grid-point (a square of 2.5˚ × 2.5˚). This calculation is done through the statistic analyses (filtrage, Krigeage, etc.) which eliminate essentially the under network irregularities This research is developed based on the calculated PDSI data-set which is available on the NCAR website (http://iridl.ldeo.columbia.edu/SOURCES/.NCAR/.CGD/. CAS/.Indices/.PDSI2004/.PDSI). This data set has been calculated on a worldwide scale for a period extending more than 130 years (1870-2005). The PDSI dataset is arranged into geo-points with the dimension of 2.5˚ × 2.5˚, and is useable in monthly series.
We have obtained the PDSI dataset during the study period in a monthly series (55 years = 660 months) over an area more vast than Iran's precise territorial extent of 40˚ to 65˚ longitude and 25˚ to 40˚ latitude. As mentioned above the dataset is in geo-points of 2.5˚ × 2.5˚ that cover the study area as a network (surface) with 60 grid-points with a dimension of 6 grid-points (15 degrees of latitude) to 10 grid-points (25 degrees of longitude).
Soil Moisture
The study of the surface hydrology invariably starts with the equation below dw = dt = P _ E _ R _ G where w: soil moisture in a single column of depth 1.6 meter, mm; P: precipitation, mm/month; E: evaporation, mm/month; R: runoff, mm/month; G: loss to groundwater, mm/month.
Equation (1) is applied locally. All quantities are positive, and P is taken to be the input source, while E, R and G are the loss terms. H96 designed a water balance model; that is, E is calculated (adjusted Thornthwaite) via observed T, and R (surface and base runoff separately) and G are parameterized, such that we have 5 tunable parameters in the expressions for R and G. P is as observed. The depth of 1.6 meter came about as follows. Tuning the model (see H96) to runoff of several small river basins in eastern Oklahoma resulted in a maximum holding capacity of 760 mm of water. Along with a common porosity of 0.47 this implies a soil column of 1.6 meter. This depth seems reasonable for our goals since evaporation of moisture from deeper levels must be small [42] .
The soil moisture dataset is provided through the NCAR website for a period during 1951-2005 in a monthly series (55 years = 660 months) over an area from 40˚ to 65˚ longitude and 25˚ to 40˚ latitude. This global dataset has a high spatial resolution in geo-points of 0.5˚ × 0.5˚ that cover the study area as a network (surface) with 1500 grid-points with a dimension of 30 gridpoints (15 degrees of latitude) to 50 grid-points (25 degrees of longitude).
Temperature
The temperature anomaly dataset is provided from NOAA NCEP CPC CAMS: Climate Anomaly Monitoring System monthly gridded and station precipitation and temperature data. Spatial resolution of data is 2˚ × 2˚; longitude and latitude are global; Time from Jan 1950 to present in monthly series. We used the dataset over an area from 40˚ to 65˚ longitude and 25˚ to 40˚ latitude. The details of data-production are presented in Appendix 1.
Precipitation
The "CAMS_OPI" (Climate Anomaly Monitoring System ("CAMS") and OLR Precipitation Index ("OPI") is a precipitation estimation technique which produces realtime monthly analyses of global precipitation. To do this, observations from raingauges ("CAMS" data) are merged with precipitation estimates from a satellite algorithm ("OPI"). The analyses are on a 2.5 × 2.5 degree latitude/ longitude grid, are updated each month, and extend back to 1979. This data set is intended primarily for real-time monitoring. For research purposes, we refer users to the GPCP and CMAP products which are more quality-controlled and use both IR and microwave-based satellite estimates of precipitation.
The CAMS_OPI data files contain, for each month:  raingauge/satellite merged analysis  gauge-only precipitation analyses  the number of gauge reports in each gridbox  OPI-only precipitation estimates  gauge/satellite merged analysis anomalies (1979) (1980) (1981) (1982) (1983) (1984) (1985) (1986) (1987) (1988) (1989) (1990) (1991) (1992) (1993) (1994) (1995) base period)  anomalies expressed as a percentage of the Gamma distribution The merging technique is very similar to that described in Xie and Arkin (1997), and the CAMS_OPI technique has also been published recently [43] . Briefly, the merging methodology is a two-step process. First, the random error is reduced by linearly combining the satellite estimates using the maximum likelihood method, in which case the linear combination coefficients are inversely propostional to the square of the local random error of the individual data sources. Over global land areas the random error is defined for each time period and grid location by comparing the data source with the raingauge analysis over the surrounding area. Over oceans, the random error is defined by comparing the data sources with the raingauge observations over the Pacific atolls. Bias is reduced when the data sources are blended in the second step using the blending technique of Reynolds, 1988 [44] . Here the data output from Step 1 is used to define the "shape" of the precipitation field and the rain gauge data are used to constrain the amplitude.
ENSO Values
The ENSO values in monthly series have been provided from climate prediction centre website (www.cpc.ncep. 
Methodology
In order to analyze the aforementioned datasets (PDSI, precipitation, soil moisture and temperature) and also to process the spatial-temporal patterns, the Scilab software (http://www.inria.org) was used in the statistical analysis. The applied techniques are based on the statistical methods for analyzing the spatial and temporal variability of the drought events. All the statistical methods have been applied through the codes, which were added to the Scilab software for data processing. The Scilab-codes are written by V. Moron in CEREGE (Centre Européen de Recherche et d'Enseignement des Géosciences de l'Environnement).
For beginning, after the opening of the datasets through a matrix definition in Scilab the missing values (−99999) in all datasets (PDSI, precipitation, soil moisture and temperature datasets) have been removed before the practical analyses.
Practically, the analysis has begun through the yearly and monthly data series in order to develop the general spatial-temporal patterns of the original values of the PDSI dataset during the period of 1951-2005. This overview allows us to consider in general the variations of drought severity over the period. And, to find a climatic teleconnection linkage with droughts in Iran the ENSO phases (cold and warm episodes of El Niño/La Niña-Southern Oscillation) as the episodes of large-scale climate variability have been considered.
In order to characterize the spatial-temporal variations of droughts, we have applied a statistical method using the Principal Component Analysis (PCA) (traditionally known as Empirical Orthogonal Functions (EOFs) in studies of the atmospheric sciences). PCA and the closely related principal factor analysis (PFA) of multivariate techniques have been widely used in meteorology and climatology [45, 46] . The PCA is a standard tool in modern data analysis-in diverse fields from neuroscience to computer graphics-because it is a simple, non-parametric method for extracting relevant information from confusing data sets. With minimal effort PCA provides a roadmap for how to reduce a complex data set to a lower dimension to reveal the sometimes hidden, simplified structures that often underlie it [47] . In this research the PCA has been used for explaining the temporal variation of the PDSI values and its geographical distribution patterns.
In addition to the PCA, another performed analysis was the calculation of correlation functions for the PDSI data series in: 1) an inter-annual mode (between all months of year) and 2) a yearly correlation in two forms of 2 and 3 consecutive overlapping years. Correlation is a statistical technique that can show whether and how strongly pairs of variables are related. Here through correlation technique we measured the PDSI-resulted drought variability over the mentioned time scales.
Then, the precipitation, soil moisture and temperature datasets were processed through the common statistical approaches, such as correlation, anomaly and regression analyses to determine their consistency with the PDSI behavior over the monthly and yearly time scales. Anomaly analysis in the mentioned data sets allowed us to detect the changes of time-series, and then we compared the detected changes. Also through the regression analysis we tried to ascertain the causal effect of the variables upon the PDSI. (Figure 3) . For example, the cold episode of ENSO (La Nina) in 1999-2002 links to the extreme drought spell found via PDSI in Iran. Although the other drought and wet spells of PDSI respectively correspond with the La Nina and El Nino phases, we cannot ignore the time delay between their fluctuations and durations, which may be resulted from: 1) the nature of PDSI as a complicated drought severity index, and 2) the severity and duration of the droughts over the study area are related to a combination of the prolonged duration of the La Niña and the unusually warm SSTs in the west Pacific, which may enhance the regional dynamics of the warm pool [4] , and so only the La Nina does not cause the long-term droughts in our study area.
Results

Drought Monitoring during
The subset of ENSOs with a strong warm pool signal are associated with a vigorous extension of positive precipitation anomalies into the Indian ocean and negative anomalies over central and south-west of Asia, wherein Iran is placed. The similarity between this rainfall pattern and the drought period rainfall is striking [4] .
The spatial pattern of the PDSI for 55 years (1951-2005) like the temporal one has been developed through the average values of the index.
Based on this spatial pattern (Figure 4) it is clear that the spatial variability of drought in Iran generally reveals the existence of three regions countrywide with respect to the intensity of drought: Northern Iran (north western and north eastern parts) which exhibits a high frequency of drought events with more intensity, Central Iran which experiences moderate drought conditions and southern Iran which has a low frequency of droughts.
Thus, during the study period (1951-2005) the northern parts of the country should reveal the precipitation deficit and positive signal of the temperature anomaly relatively more than the other areas. This condition apparently has been caused by global surface warming as a complementary cause to the precipitation deficit particularly after 1980, in certain global regions such as the Middle East [48] .
Extreme drought period of 1999-2002; PDSI mean values during this period reveal an extreme condition of drought in both intensity and duration compared with the other drought spells found during 55 years of the study period. Socio-economic and environmental sections were seriously damaged due to this rainfall deficit, and obviously Iran was hit by the most intense drought event in the 3 year period 1999-2002.
For the determination of this intensive drought spell the yearly PDSI value of −4 is considered a threshold [4] . Spatial variability of the drought intensity over this spell in the country (Figure 4 ) also shows that the northwestern and the northeastern regions respectively display the most intensive drought event with a severity around −8. So the severe drought conditions particularly on the northwestern regions would confirm the existence of a high correlation between ENSO teleconnection and the precipitation variations over the northwest of Iran especially in the cold season [49, 50] . drought intensity in the warm season, due to the raising of evaporation. The lowest average value of PDSI is in March (−0.55) and the highest in Jun (−0.89). The geographical distribution of the PDSI values for each of the 12 months over Iran clearly shows 3 regions with intensive and frequent drought events in the Northern Regions, moderate droughts in the central Iran and weak droughts in the South (in particular the South-east). In fact drought intensity gradually decreases from the north of the country toward the central and southern parts. The monthly developed maps exhibit that the intensity contour of −1 covers some regions in central Iran from May to Oct (warm season), whereas this intensity contour mainly during the cold months of year is limited to the northwest and northeast (Figure 6) . Thus regarding the spatial pattern of drought intensity over the country, it seems that the precipitation is negatively correlated with ENSO teleconnections (by La-Nina phase) over the northern parts of the country [51] . Furthermore, the western climatic systems produced especially by North Atlantic Oscillation may play an important role in precipitation variability (here rainfall deficit) over northwestern, we and northern Iran [52] .
Monthly Patterns of PDSI
Following the processing of the index for the entire study period that has released the average values of the PDSI through spatial-temporal patterns, a monthly based spatial-temporal processing for the PDSI original dataset has been taken into consideration in order to explain the drought intensity variation over the months of year. In order to identify the monthly difference of the drought intensity in the course of 1951-2005, the mean values of the PDSI for each month is calculated ( Figure 5 ). All months demonstrate negative values, although the months of the cold seasons release relatively low negative mean values (weak drought) and on the contrary the warm seasons include higher negative mean values (strong drought). So here we can see the temperature's effect on increasing stern 
Principal Component Analysis (PCA)
In order to find out the independent axes or variances in the PDSI original dataset, the PCA for each of the months has been computed. The explained variances derived from this analysis results 57 independent variances. We have used only two initial variances in our analysis, since from the third variance up the rates found are below 10%. In fact the first two PCs will explain the large patterns of the PDSI, whiles the rest of the PCs are mostly related to the small or local patterns. Through this part of the work, the first (PC1) and second (PC2) modes explain respectively in average the variance rates of about 46.39% (PC1) and 11.45% (PC2) in the PDSI dataset. Thus, the correlation maps for each month have been developed based on these two variance rates which include the majority of variance percentages calculated. Also the cumulative variance of these two rates explains the values above 55% for all months ( Table 1) .
Regarding the geographical description of the correlation calculated through this analysis between temporal variations of the PDSI and its original data via the PC1 (first mode) in the course of 55 years, there is evidently a remarkable coherence in the most areas of the country over all months of the year. In fact this spatial pattern of the PCA as the leading mode explains the fact that the drought events during a given year often demonstrate a high spatial correlation over most Iranian regions especially in the central and eastern parts of the country, where it shows the homogenous geographic and meteorological status (desert plains with low rainfall as well as high temperature). But the southeastern regions with low ranks seem to have different climatic characters, for example; monsoon precipitation regime influences usually these regions.
The results derived through PC2 (second mode) as the residual of the first mode explain a dipolar spatial pattern through the geographical distribution of the correlation calculated for each of the months. So it is evident that the southern and northern parts of the country normally demonstrate the high correlation around ±0.5, whereas toward central regions the correlation rates are going decrease continuously towards a belt around 33˚N where the correlation values are about zero.
Thus as mentioned above, based on the leading mode, which is reckoned as a dominant portion from this principal component analysis; the drought events in Iran may follow a coherent spatial pattern (Figure 7) . We give more explanations about this drought pattern in the discussion part.
Monthly and Yearly Correlation Functions in PDSI Values
For this analysis firstly a matrix of 12 × 12 is designed; this matrix reveals the relative correlations between all months of the year. Through this analysis the highest correlation-ranks usually are obtained between each month to itself, on the other hand the lowest one indicates a correlation between two months in cold and warm seasons (for example: 0.6 between Jan & Aug). The monthly correlation analysis confirms that during a given year, drought event may be persistent over the months, as this matrix gives on average a correlation-rank between all months of the year about 0.83 that is a considerably high monthly correlation. In order to examine the above hypothesis, the moving correlation between each two consecutive months over a year has been computed. As this performance indicates the behavior of the monthly correlations during the seasons of year (Figure 8) , the drought events in Iran show a high monthly coherence throughout a year (correlation ranks from 0.88 to 0.97). Also, we have performed a yearly based correlation analysis. So we selected a 20-year period from 1961 to 1981 as a sample period. This yearly based correlation has been performed in two modes: the first one for 2 consecutive years and the second one for 3 consecutive years. In fact, the correlation successively between 1 year with the next one (2 year mode), and between 1 year with 2 next years (3 year mode) has been performed through the selected 20 years. Both these two yearly correlation modes confirm that there is a low coherence between yearly variations of drought (PDSI values). So, the resulted correlation-ranks show on average 0.19 for 2-year mode and 0.27 for 3-year mode, we cannot expect to have a yearly or periodic high regulation for drought events in Iran.
Considering of the Precipitation, Temperature and Soil Moisture Datasets
The precipitation, soil moisture and temperature datasets in monthly series also were provided via the same web site of the PDSI dataset (http://iridl.ldeo.columbia.edu). Through this part of the work the contributions of the mentioned factors as the principal factors of the PDSI have been quantified in the PDSI spatial-temporal variability over the study period (1951-2005).
Correlation and Anomaly Analyses between PDSI with the Soil Moisture, Precipitation and Temperature
The correlation analysis has been preformed through the leading principals of the PDSI and the precipitation, temperature as well as soil moisture during 1951-2005. This three-aspect correlation matrix is designed in the form of the monthly moving average correlation (1, 3, 6 and 12 months moving average). The results basically explain that the PDSI variability is more compatible with the soil moisture variation than with precipitation and temperature variations. Also, we found that the correlation-ranks between both precipitation and temperature with PDSI are gradually growing if we increase the length of the monthly moving average ( Table 2) . Thus, this analysis indicates that the precipitation and temperature may affect the PDSI variability by a delay of a few months, although the effect of soil moisture in PDSI seems to be mostly direct. Why is this, the PDSI has a fairly long memory, reflecting the memory of soil moisture, so that temperature and precipitation for example in spring or summer can still affect autumn PDSI, thus this relationship between the PDSI and its principal meteoro- In addition, an inter-annual analysis in order to find out the correlation variations between PDSI and the three mentioned factors during the months of the year has been performed. With respect to the monthly correlation averages, it is evident that the monthly ranks mostly explain low correlation between the PDSI with temperature and especially with precipitation, although during the warm months PDSI and temperature are relatively more matched. But, the soil moisture and PDSI exhibit the high correlations over all months with the ranks above 0.88 (Figure 9 ). This performance explains that the PDSI values correlate closely to the soil moisture variability during all seasons of a year.
Also, a monthly anomaly analysis was performed separately for all three variables and PDSI, during a 22 year period . Then, the linear correlation function between the anomaly values of each variable and PDSI has been performed for all 12 months of the year (Figure 10 shows examples of Jul, Nov, Feb, Aug). The highest R2 rank is found in November between the anomaly values of PDSI and soil moisture with a rank of 0.63. Linear monthly correlations of the anomaly values of precipitation and temperature with PDSI are relatively low and irregular over all months of the year. However, the highest R2 ranks for PDSI/precipitation and PDSI/ temperature respectively are found in February (0.47) and in August (0.46).
The monthly linear correlations as well as monthly anomaly analyses on PDSI and its basic factors demonstrate that the variations of PDSI in a year (over the months of a year) would be closely compatible to the soil moisture changes, since, the out puts of PDSI are as the soil moisture model.
Regression Analysis for the PDSI via Soil
Moisture, Precipitation and Temperature This regression analysis has considered separately the relations between the PDSI with the soil moisture, precipitation and temperature. So, regarding the coefficients of determination (r2) which are derived through this analysis between the PDSI values and the predictive values of PDSI by the mentioned factors, it is evident that the estimated r2 by the soil moisture (0.77) is more reliable than that of the precipitation (0.037) and temperature (0.15). In fact via prediction of soil moisture values, it seems to be more reliable to estimate PDSI (Figure 11) , although the derived statistical significances between all variables and PDSI are around zero.
Also, this analysis indicates that there is no linear correlation (or very weak linear correlation) between PDSI with precipitation and temperature, in spite of what is found for PDSI and soil moisture (strong linear correlation). As mentioned already, PDSI is not regularly and directly compatible to the monthly variations of precipitation and temperature.
Discussion
The long term and monthly spatial-temporal patterns of the PDSI original dataset through the entire study period indicate the drought severity during the mentioned study period has been going on increasingly throughout Iran, and in particular over the northwest and northeast regions. The peak of this increasing severity was found over the period of 1999-2002 as the worst drought period, which is linked to the La Nina phase (cold episode of ENSO). We found, the PDSI is good responsive to the long-term droughts, which may be resulted from the prolonged duration of the La Nina phase in addition to the unusually warm SSTs in the west Pacific.
Regarding the performed analyses (correlation functions and PCA), the PDSI monthly values seem to follow a dominant and persistent pattern in the Iranian regions over the months of a drought year. The derived results through the leading mode of principal component analysis indicate the high ranks over the most parts of the study area, in particular on central and eastern areas with a high spatial coherence, although the south-eastern part where receives the monsoon precipitation shows the weak ranks, and then has been isolated (Appendix 2). This spatio-temporal pattern of the PDSI's variations may confirm the influence of a dominant climatic index, such as the enhanced warm pool-la Nina composite, to cause drought conditions over the Iranian regions. Spatial high coherence in the PDSI's variations over some parts of the study area not only depends on a given climatic index, but also homogenous topography and soil type play a significant role. As we found; the PDSI is very responsive in the central and eastern desert plains of the country, where are characterized with the dry climate as well as the flat lands.
At the same time, the PDSI relationships with its principal factors are very complicated. Although PDSI is closely correlated to the monthly variations of the soil moisture, this is not the case with precipitation and temperature. However, temperature would raise the potential evapotranspiration, which results high intensity of droughts, so the correlation between PDSI and temperature becomes relatively strong in the warm months of the year. Basically, the detected incompatibility between the PDSI and precipitation as well as temperature, seems to result from the fact that, the PDSI is a hydro-climatic index, so its values naturally are too complicated. As, four hydrologic models of potential recharge (PR), potential evapotrasipiration (PE), potential loss (PL) and potential runoff (PR), have been taken into account in the PDSI model. Long memory of the PDSI holds the effect of temperature and precipitation from few months ago. Also, one of lable water content), which is strongly related to the soil types, topography and the depth in which the AWC has been estimated. Incidentally, for calculation of PDSI for a certain month, it's necessary to use the result of preceding month in the formula. Thus, regarding the explanations above, precipitation and temperature variations may correlate to the PDSI variations with a delay around several months.
the important factors in PDSI calculation is AWC (avai-
Acknowledgements
RC (Atmospheric Sciences
